Abstract Screening for depression can be challenging in Multiple Sclerosis (MS) patients due to the overlap of depressive symptoms with other symptoms, such as fatigue, cognitive impairment and functional impairment, for MS patients. The aim of this study was to understand these overlapping symptoms and subsequently develop an adjusted depression screening tool for better clinical assessment of depressive symptoms in MS patients. We evaluated 3,507 MS patients with a self-reported depression screening (PHQ-9) score using a multiple indicator multiple cause modeling approach. Our models showed significant differential item functioning effects denoting significant overlap of depressive symptoms with all MS symptoms under study and good model fit. The magnitude of the overlap was especially large for fatigue. Adjusted depression screening scales were formed based on factor scores and loadings that will allow clinicians to understand the depressive symptoms separate from other symptoms for MS patients for improved patient care.
Introduction
Multiple Sclerosis (MS) is the most common progressive neurological disease of young adults and affects approximately 400,000 persons in the United States (Multiple Sclerosis Association of America, 2014) . Depression is the most frequent psychiatric diagnosis in MS patients, with lifetime risk estimated at *50 % (Goldman Consensus Panel, 2005) . Patients with MS seem to show increased severity of depressive symptoms compared to patients with other chronic neurological conditions (Wallin et al., 2006) .
While MS patients commonly experience depressive symptoms, clinicians cannot reliably distinguish the roles of MS and depression in fatigue, cognitive impairment and functional impairment (Ferrando et al., 2007; Wallin et al., 2006) . This can lead to inappropriate clinical decisions (medication selection, escalation, etc.) and to false-positive or false-negative inferences regarding treatment effectiveness. Some patients who ''should'' respond to certain antidepressants may not because their presenting symptoms are Electronic supplementary material The online version of this article (doi:10.1007/s10865-014-9574-5) contains supplementary material, which is available to authorized users.
MS disease symptoms rather than mental health symptoms. In seeking deeper knowledge of symptom origins, we propose methods which should improve our ability to distinguish depression changes in MS patients.
Structural equation modeling (SEM) enables researchers to examine diagnostic overlap for MS and depression and the complex relationships between patients' physical and mental health states (Bollen, 1989; Kline, 2010) . SEM uses a conceptual model, path diagram and system of linked regression-style equations to capture complex and dynamic relationships among a web of variables. In particular, the multiple indicator multiple cause (MIMIC) model, a measurement model with covariates (Asparouhov and Muthén, 2009; Brown, 2006; Kline, 2010; Woods et al., 2009) , permits detection and adjustment for differential item functioning (DIF). DIF occurs when people from different groups (e.g., levels of MS-related fatigue) with the same latent trait (level of depression) have a different probability of giving a certain response on a questionnaire or test (e.g., items for sleep problems and fatigue of the PHQ-9).
Patient reported outcomes have an important place in psychiatry and neurology to measure the extent of disease or condition at the individual level, because they reflect the self-reported health state of the patient directly (Alemayehu et al., 2012) . However, their effective integration in personalized medicine requires addressing certain conceptual and methodological challenges, since each individual patient may have a different view of how to fill out a test questionnaire, leading to both random and systematic error. Using the MIMIC model, we are able to estimate and adjust for this special type of measurement error, which is also known as DIF.
Our approach will generate depression screening measures which accurately reflect symptom overlap. The resulting tools will allow clinicians to appropriately tailor care management, while accounting for the complex roles of depression and MS symptoms.
Prior studies have assessed whether signs and symptoms of MS may overlap with those of depression with mixed results. Mohr et al. (1997) recommended to omit Beck Depression Inventory items for assessing work ability, fatigue and health concerns, while Aikens et al. (1999) encouraged full application of the scale for assessing depressive symptoms in patients with MS. Mohr et al. (2003) also found using the Beck Depression Inventory that treatment for depression is associated with reductions in the severity of fatigue symptoms, and that this relationship is due primarily to treatment related changes in mood. Crawford (2009) found that the inclusion of somatic items in the Beck Depression Inventory-II did not significantly inflate total scores and thus recommended that there is no reason to exclude those items when using the scale with individuals who have MS. Benedict et al. (2003) validated the short form Beck Depression Inventory-Fast Screen for MS patients, determining that the test is not confounded with neurological symptoms. Chang et al. (2003) performed a psychometric evaluation of the Chicago Multiscale Depression Inventory, supporting meaningful subtypes of depression in MS (mood, depressive cognition and vegetative symptoms), while determining that some items function differently in MS patients compared with depressed patients and controls.
However, in this study, we focus on an improved use of the PHQ-9, a self-reported depression screening tool to be used in connection with expert clinical judgment and/or further rating tools and not as an actual depression diagnosis (Blacker, 2009) , in MS patients. We also describe a generalizable approach within a MS population for determining the factor structure of the measure and developing a series of models to evaluate the overlap of multiple symptoms of MS and depression simultaneously. Thus our approach will then allow us to form more practical adjusted depression screening scales based on factor scores and loadings which clinicians can use to better assess depressive symptoms free of the overlap. While our approach focuses on the PHQ-9 and MS symptoms, it is straightforward to generalize to other scales and conditions.
Methods

Study design and KP data base
Cleveland Clinic's Knowledge Program (2008 Program ( -2013 links patient-reported PHQ-9 data to its EPIC electronic health record, yielding powerful opportunities to study and improve patient care and clinical research. The Mellen Center (2013) for MS manages more than 20,000 visits and 1,000 new patients every year for MS treatment. The Knowledge Program tracks illness severity and treatment efficacy over time across the Mellen Center population.
We use a retrospective cohort study design. Inclusion criteria for our sample includes patients making at least one visit to the Mellen Center with measurements of PHQ-9 score and a timed 25-foot walk available. Data are available for 3,507 MS patients from 2008 to 2011 that meet our inclusion criteria.
Knowledge Program measures assessed
The PHQ-9 is used in both screening and monitoring of depression (Blacker, 2009) . Patients specify frequency in the past 2 weeks (0 = not at all to 3 = every day) of nine symptoms, yielding a total score (range 0-27). Scores of 5, 10, 15, and 20 are validated thresholds for mild, moderate, moderately severe and severe depression. Scores on this self-reported instrument are often used to guide treatment decisions (Kroenke et al., 2001) . In particular, a PHQ-9 C 10 has been previously established as a screening cutoff for depressive disorder (Ferrando et al., 2007; Kroenke et al., 2001) . The PHQ-9 has been validated using multiple modes for administration, clinical populations, and diverse race/ethnicity groups (Pinto-Meza et al., 2005) .
A prior study examined if PHQ-9 scores are biased in MS patients due to the MS symptoms of fatigue and poor concentration (Sjonnesen et al., 2012) . In the analyses, the authors compared the PHQ-9 items for fatigue and poor concentration in 173 MS patients to 3,304 other subjects from the general population in the sample under study. They concluded that there was no evidence to exclude these items from a modified PHQ-9 score. Our study extends this prior work by (1) using a much larger sample of MS patients and only MS patients, eliminating the potential selection bias from a non-comparable control group and (2) conducting psychometric analysis of the measurement properties of depression self-rating and MS disability measures. The Knowledge Program collects eight MS performance scales (Marrie and Goldman, 2007; Schwartz et al., 1999) which are patient-reported disability measures. These include MS-related fatigue, cognitive, mobility and hand function domains with six ordinal responses. Reliability, criterion and construct validity have been established for these domain in previous studies of MS patients (Marrie and Goldman, 2007; Schwartz et al., 1999) .
In addition to patient-reported measures, objective functional impairment measures of lower (timed 25-foot walk) and upper (9-hole peg test) extremity function are included in the Knowledge Program (Polman and Rudick, 2010) . The timed 25-foot walk is a test of quantitative mobility and leg function performance, while the 9-hole peg test is a brief, standardized, quantitative test of arm and hand function. These two measures are combined to form a composite measure of functional impairment in our study Rudick et al., 1996; Whitaker et al., 1995) .
Potential overlap of a depression screening scale and MS-related disability measures PHQ-9 items for sleep problems, fatigue, poor concentration and psychomotor problems have the potential to overlap with symptoms described by MS disability scales ( Fig. 1 panel D) using a unidimensional depression screening scale (we assess this assumption in section ''How many latent factors represent depression in the MS population?'').
PHQ-9 items for sleep problems and fatigue (items 3 and 4) address fatigue. Attempting to separate fatigue as a depressive symptom from MS-related disability in the PHQ-9 is likely problematic for a patient due to the multiple dimensions, such as physical, mental and emotional, that may be involved in describing fatigue symptoms (Krupp, 2004) . The PHQ-9 addresses concentration (item 7) and speed of movement and speech (item 8). Concentration problems that are perceived as memory problems stemming from cognitive impairment in MS can potentially be impaired concentration due to comorbid depression (Siegert and Abernethy, 2005) . Further, functional impairment could potentially be associated with concentration problems. Cognitive impairment, functional impairment and depression in MS can potentially lead to difficulties in movement and speech. Thus, potentially items for poor concentration and psychomotor symptoms on the PHQ-9 overlap with MS-related cognitive impairment and functional impairment.
Statistical analyses
Descriptive statistics and computation
We compile descriptive statistics to summarize demographic information and scores on our measures of depression and MS symptoms. Due to sample size and since each ordinal scale (PHQ-9 items, performance scales measures) has at least four ordinal categories, the measures can be viewed as approximating an interval scale (Hansson et al., 2009; Huang et al., 2006; Johnson and Creech, 1983; Zumbo and Zimmerman, 1993) . We use a maximum likelihood estimator with robust standard errors (MLR option in MPlus) in our analyses (Muthén and Muthén, 2012) . To examine the potential for bias based on variable distributions we verified results using a mean and variance adjusted weighted least squares estimator (WLSMV option in MPlus) treating our outcomes (PHQ-9 items) as ordinal categorical measures.
We define a = 0.05 for our level of significance in all statistical tests. All statistical tests are two-tailed. SAS Version 9.2 (2008) was used for data cleaning and for compiling descriptive statistics along with analyses with the PHQ-2 in the Appendix. Factor analyses and SEM analyses were carried out using Mplus Version 7 (Muthén and Muthén, 2012) . R Program (2008) was used to calculate descriptive statistics about the adjusted depression scales in the Appendix and performing the application in the Supplementary Table 1 using the imported final output MPlus dataset.
Exploratory factor analysis
Factor analytic techniques are useful for reducing the number of measures under study to a smaller number of factors and detecting a structure in the relationships between measures. Exploratory factor analysis (EFA) of the nine items of the PHQ-9 is used to determine how many Fig. 1 Path diagrams for the investigated models. Covariates (fatigue, cognitive impairment and functional impairment) are all MS-related measures. In our study, functional impairment is defined by two correlated objective performance measures (timed 25-foot walk and 9-hole peg test). However, we did not consider models which adjust for only one of the two functional impairment measure to be feasible representing somatic and affective domains of depression (Kalpakjian et al., 2009) . We use an oblique (geomin) rotation. The item factor loadings can be interpreted as the shared variance between an item and depression (Raykov and Marcoulides, 2011; Woods et al., 2009) . In order to determine the number of latent factors in the PHQ-9, we examine the eigenvalues, which represent the variance accounted for by each underlying factor, in a scree plot. The number of eigenvalues C1 represent unique latent factors according to Kaiser's rule (Costello and Osborne, 2005) . We also use parallel analysis (Horn, 1965) , which computes eigenvalues from a random dataset via Monte Carlo simulation with the same numbers of observations and variables as used in the factor analytic model. When the eigenvalues from the random data are larger than the reported eigenvalues for the factor analysis, then the factors are mostly random noise. In MPlus, parallel analysis can only be performed on continuous items. In addition, since MPlus performs EFA within the SEM framework (Muthén and Muthén, 2012) , in order to help determine the number of factors we examined Chi square, Comparative Fit Index (CFI), Tucker Lewis Fit Index (TLI), root mean square error of approximation (RMSEA) and standardized root mean square residual (SRMR) statistical test values (Bentler, 1990; Browne and Cudeck, 1993; Hu and Bentler, 1998; Tucker and Lewis, 1973) . A nonsignificant Chi square value, CFI and TLI C0.95, RMSEA value of B0.05 and SRMR value B0.08 represent a good fitting model. The RMSEA statistic is especially useful in that it provides a confidence interval for our point estimate.
MIMIC modeling approach
We next assess (and eventually correct for) the overlap in MS and depression symptoms. In this analysis we use as many latent factors as determined by EFA in a series of models that will examine the overlapping symptoms of the two conditions. Namely, confirmatory factor analysis (CFA) is used to form a measurement model representing the latent structure of depression. Then, covariates, in the form of our MS disability measures, are added to the measurement model forming a MIMIC model. We do not make any assumption of causal ordering between each MS symptom we study and depressive symptoms, and therefore specify the relationship as a correlation in our models (see Fig. 1 panel D) . DIF paths, which are specified in accordance to the hypothesized overlap between these covariates and the items of the PHQ-9 (as described in section ''Potential overlap of a depression screening scale and MSrelated disability measures'' and shown in Fig. 1 panel D) , are then evaluated in a series of models to analyze the overlapping symptoms.
We aim to establish a best fitting model in our MIMIC analyses in order to confirm or revise our hypotheses in section ''Potential overlap of a depression screening scale and MS-related disability measures'' for the overlap of depression symptoms with other symptoms for MS patients. First, we compare the full MIMIC model to a full constrained model (see Fig. 1 legend and panels D and E) to establish if there are overlapping symptoms. Constraining a causal path during analyses involves setting the given path to zero (i.e. removing the path). Then, we examine how individual paths A through F in Fig. 1 panel D influence model fit in isolation, in order to constrain to zero any particular paths that are not improving our model fit, and thus are not symptoms of overlap. We make comparisons between models using the Chi square test of difference and by examining the modification indices, where a modification index [5 represents a clinically significant causal path (Kline, 2010) . Accounting for these overlapping symptoms alters the factor loadings and scores in depression in a similar manner to how multiple regression can alter the estimated effect of a treatment when controlling for confounders. We build our adjusted depression screening scales using the factor loadings and scores in depression, a latent construct of depressive symptoms adjusted for the overlapping symptoms of both conditions under study.
Subgroup analyses
We test for potential subgroup differences one at a time, by age, sex (male or female), race, MS type (relapsing or progressive) and baseline time since diagnosis, using a Bonferroni correction to control the family-wise error rate, by extending our best fitting model from ''MIMIC modeling approach'' in the multigroup confirmatory factor analytic framework (Brown, 2006) . In our subgroup analyses we form dichotomous variables for age (threshold is mean & median = 46), race (white or other) and baseline time since diagnosis (less or greater than 10). Figure 2 shows how the model with E = 0 from ''MIMIC modeling approach'' can be extended for subgroup analyses based on sex.
We compare the model fit statistics and indices, for each subgrouping between two models (i.e. MALE model and FEMALE model in Fig. 2 ): (1) freely estimating all parameters across groups (i.e. In Fig. 2 parameter estimates from the MALE model will not necessarily equal estimates from the FEMALE model) and (2) constraining the estimates of all factor loadings and item intercepts in the two measurement models to be equal across groups. Therefore, if there is a subgroup difference, the model fit would be significantly worse under the constraint of group equality.
Results
Demographic characteristics of the MS population in the KP data base
The sample mirrors the United States' MS population in that MS is typically diagnosed in patients in their early 30's, Caucasians are of highest risk and females are twice as likely as males to develop MS (Goldman Consensus Panel, 2005; Health Encyclopedia: Multiple Sclerosis Risk Factors, 2005 -2013 . In our sample, 73 % were female, 83 % were white, and the average age was 46 (SD = 12). These patients had their first MS diagnosis an average of 10 (SD = 9) years ago with 81 % relapsing and 16 % progressive with the remaining patients falling into other categories, or under evaluation for a potential MS diagnosis. We leave these patients who are not relapsing or progressive (N = 70) out of our subgrouping analyses based on MS type, due to our uncertainty about their symptoms.
Nearly 30 % (n = 1,005) of patients had PHQ-9 C 10 at their entry to the KP. The distribution of PHQ-9 scores represents a wide range of depression severity levels. We summarize the characteristics of the Mellen Center MS population by the PHQ-9 binary threshold of ten (screening cutoff for depressive disorder) in Table 1 .
How many latent factors represent depression in the MS population?
Examining eigenvalues and scree plot showed one latent construct (highest eigenvalue = 4.82, no other eigenvalues C 1) for the PHQ-9 within this MS population with high standardized factor loadings on all nine items (each loading C 0.5). Further, performing parallel analyses by generating 50 random datasets also supports one latent construct, as shown in Fig. 1 panel A. However, the model fit statistics and indices improved for the two factor model over the one factor model (Table 2 ) providing a mixed message of whether the one or two factor model was a better fit.
In examining the two potential factors in a CFA model, items for anhedonia, feel depressed, feelings of failure and self-harm load on one factor while items for sleep problems, fatigue, appetite change, poor concentration and psychomotor symptoms load on a second factor (Fig. 1  panel B) . The correlation between the two factors is very large &0.86, which implies poor discriminant validity and suggests that a more parsimonius single factor solution is preferred (Brown, 2006; Marsh et al., 2004) .
We further examine the expected parameter change values for each modification index for the covariance between error terms for each pair of PHQ-9 items. Expected parameter change represents how much the given parameter would be expected to change if it were freely estimated (Brown, 2006; Muthén and Muthén, 2012) . In this case, we flag any expected parameter change in absolute value C0.10 (Cohen, 1992) . Expected parameter change between items for feel depressed and feelings of failure (0.101), sleep problems and fatigue (0.220) and poor concentration and psychomotor symptoms (0.115) are all C0.10.
The strong pairwise relationships between related fatigue items (sleep problems and fatigue) and cognitive and functional impairment items (poor concentration and psychomotor symptoms) are in line with our theoretical model for overlapping symptoms. An association between feeling depressed and feelings of failure, both affective symptoms of depression, also has a theoretical basis. The model fit statistics and indices are very similar for the one factor CFA model specifying these three pairwise error term covariances as in Fig. 1 panel C as the two factor CFA model in Fig. 1 panel B (see Table 2 ). Introducing correlated residuals is more parsimonious than our two factor Although equivalent multi-factor models can be derived for this solution, using correlated residuals maintains the unidimensional interpretation of one depression factor, as suggested by the eigenvalues and PA.
MIMIC model to examine and correct for the overlap of MS and depression symptoms
We applied CFA to isolate one latent variable depression as shown in Fig. 1 panel C. Then, we add covariates as well as the DIF paths as shown in Fig. 1 panel D . We begin by testing for any overlap of depression and MS symptoms by comparing this model freely estimating paths A through F to a model constraining all paths A through F to zero as shown in Fig. 1 panel E (comparing the full MIMIC and full constrained models as described in the Fig. 1 legend) . In Table 3 , the fit criteria showed that the MIMIC model is a better fitting model than the constrained model, and overall a relatively good fit for the data structure using the criteria as described in ''Exploratory factor analysis''. These results were verified by the v 2 difference test comparing the MIMIC to the constrained model (p \ 0.001).
Estimates for the standardized factor loadings in depression are lower in the MIMIC model compared to the constrained model for the items involving overlapping symptoms, sleep problems, fatigue, poor concentration and psychomotor symptoms (Table 4 ). The decrease in these estimates signifies that after correcting for the overlapping symptoms, these four items contribute less in determining level of depression.
Out of the individual paths of overlap from the MS disability covariates to the four items, only path E is not statistically significant. The magnitude of the estimates is large for the overlap of the item for fatigue with MS-related fatigue (B = 0.51), medium for the item for sleep problems with MS-related fatigue and the items for poor concentration and psychomotor symptoms with MS-related cognitive impairment (A = 0.21, C = 0.38 and D = 0.23) and small for the item for psychomotor symptoms with the 9-hole peg test aspect of MS-related functional impairment (F for peg test = 0.11).
As a result of the statistical evidence in this section, we find overlap of depression with all MS symptoms that may be inflating or deflating a MS patient's PHQ-9. Simultaneously, the MIMIC model is estimating the overlap and then correcting the latent factor of depression.
Revising the full MIMIC model to determine a best fitting model
We now examine each individual overlapping symptom in isolation, models A, B, C, D, E and F = 0, for improvement over our full MIMIC model. From Table 3 , evaluating model fit indices and statistics, as well as the Chi square tests of difference and modification indices, we observe improvement over the full MIMIC model only for E = 0 ( Fig. 1 panel F) . Bollen and Long (1993) , as applied by Sudhahar et al. (2006) , state that the appropriate procedure is to constrain this path E to 0 (i.e. remove it) since it is statistically not significant and changes in model fit from the full MIMIC model are not observed. We now test for improvement for E = 0 for a best fitting model through accounting for the subgroup differences as in Fig. 2 . First, we apply an omnibus test of invariance using a Chi square test of difference to compare, for each subgrouping such as in Fig. 2 , the model under the constraint of group equality to the model under no such constraint (Brown, 2006) . In this case, we do not reject the null hypothesis of group equality for any of the subgroupings (i.e. no statistically significant p-values). Further, we observe similar model test statistics and indices between the two models for each subgrouping.
We also replace the objective performance functional impairment measures with the patient reported counterparts (performance scales mobility and hand function domains). The magnitude of the effect sizes are similar, and we come to similar overall conclusions of significant overlap for MS-related functional impairment with the PHQ-9 item for psychomotor symptoms, but not with poor concentration (E = 0.02 for hand function, -0.07 for mobility and F = 0.08 for hand function and 0.12 for mobility).
An adjusted depression screening score can promote better clinical assessment of depressive symptoms in MS patients
Using the results of the best fitting model E = 0 we briefly propose and compare three algorithms to calculate an adjusted depression score for MS, accounting for the overlap of depression symptoms with MS-related fatigue, functional impairment and cognitive impairment in patients (see ''Appendix'' for more details). Therefore, these scales are self-reported depression screening tools for MS patients that better represent the underlying dimension for depressive symptoms in the PHQ-9, for a more pure estimate of an MS patient's mood. In our application and the discussion section, we discuss the practical use of these for clinical practice (with more technical details provided in the ''Appendix''). It is straightforward to extend our adjusted depression screening score algorithms described below to adjust for additional overlapping symptoms if theoretically and statistically warranted.
Factor scores
A factor score is an individualized score on the latent construct depression. In other words, factor scores represent continuous adjusted depression screening scores for MS patients, accounting for the overlap of depression symptoms with MS-related fatigue and functional and cognitive impairment. Factor scores can be output through MPlus into another data file (such as in a text file) using a few lines of code in the OUTPUT section of a MPlus program. For example, saving factor scores into a text file called FACTORSCORES can be done using the coding:
OUTPUT: SAVEDATA: FILE IS C:\FACTORSCORES.txt; SAVE IS fscores;
Item weights
Factor loadings from the latent construct depression can be transformed into item weights to build an adjusted depression screening scale. The factor loadings present a regression-type of beta weight for each item through the shared variance between an item and the latent construct, which is a naïve approach to calculating factor scores. 
Downweighting overlapping symptoms
A final scale maintains the same interpretation as the PHQ-9, but simply down-weights the impact of the items of overlap by dividing the factor loadings of depression for E = 0 over the factor loadings for the CFA model from Table 4 . The difference between the PHQ-9 and this adjusted scale is an estimate of how much of the PHQ-9 can be accounted for by the overlapping symptoms.
Application of the revised scoring approaches on two real patients
The potential of these three scoring approaches can be demonstrated through an application with two patients purposively selected from the Knowledge Program Database (Supplemental Table 1 ). Patient A had a PHQ-9 of 10, and thus screened positive for depressive disorder, but highly endorsed items for sleep problems, fatigue, poor concentration and psychomotor symptoms. Patient B had a PHQ-9 of 6, mostly the result of endorsing other items. The algorithms from ''Factor scores'' to ''Downweighting overlapping symptoms'' can be calculated from information that is already in the Knowledge Program Database. Therefore, in using these algorithms, a clinician or patient does not have to fill out any additional information during a typical visit. Given the generalizability of our methods, and ease of replacing any of the measures with other measures, in a similar straightforward manner the algorithms can be programmed into other data bases. Also, the algorithms from ''Factor scores'' and ''Item weights'' can be transformed and matched with current PHQ-9 scores (details provided in ''Appendix'') for immediate use with the same empirical distribution as the current PHQ-9. As a result of MS symptoms potentially inflating the PHQ-9 score, using algorithm ''Factor scores'' transformed to the standard scoring scale, patient A has a score now significantly below the threshold of 10 and actually scored lower than patient B. The transformed factor loadings approach (''Item weights''), a naïve approach to a factor score, leads to a more trivial change. Further, the ''Downweighting overlapping symptoms'' algorithm could be used to show that the amount of overlap is of a large magnitude for patient A (10 -7.59 = 2.41), while of a small magnitude for patient B (6 -5.30 = 0.70).
Discussion
The results of our SEM-based analyses show that there is a significant overlap of depression symptoms with other symptoms for MS patients, namely MS-related fatigue and cognitive and functional impairment. The effect size of the overlap was most prominent for fatigue, in line with our a priori hypothesis in 2.3. Based on these analyses, adjusted depression screening scales were formed that can help clinicians prevent over or under prescribing anti-depressants and fatigue and MS medication, and providing better tailored care. By simply adjusting the PHQ-9 through approaches that correct for the overlap of depression symptoms with MSrelated fatigue and cognitive and functional impairment, we present improved depression screening scores. No previous study directly evaluated and corrected for the overlap of the PHQ-9 with MS disability scales in a population of MS patients.
In a clinical setting, we suggest adding two more entries in the Knowledge Program Database, one for the PHQ-2 and one for the adjusted scoring algorithm based on factor scores (as described in ''Factor scores''). The simplest and most efficient approach for clinicians is almost certainly to first use the PHQ-2 for pre-screening for depression in MS patients (see ''Appendix'' for details), before using the modified algorithm as a screening tool. The two questions of the PHQ-2 showed no evidence of DIF in our analyses, thus a positive PHQ-2 screen combined with a positive adjusted algorithm screen for the transformed factor scores will better identify patients in need of depression treatment as opposed to patients with MS-related symptoms not indicative of depression. This approach will give clinicians information for improved use of the PHQ-9, regarding better diagnosis, treatment decisions and inferences about effectiveness of treatment free of the overlap between depressive symptoms with other symptoms for MS patients. For an example, using these methods, patient A in our application has a PHQ-2 of zero and was shown to have a lower adjusted scale score based on factor scores than PHQ-9, while patient B screened positive for depression via the PHQ-2 (=3) and then had a significantly higher adjusted scale score based on factor scores than original PHQ-9 scoring. Further, clinicians can make use of the scale from algorithm ''Downweighting overlapping symptoms'' to provide an estimate of how much of the PHQ-9 score in a MS patient may be accounted for by overlap of depressive symptoms with other symptoms for MS patients. Even for a clinician unwilling to make use of these new scales before further validation, at the very least, we have established that the use of the PHQ-9 without the PHQ-2 for MS patients is ill-advised.
Since the only scale or diagnoses related to depression within this sample is the PHQ-9, there is no way to validate the proposed adjustments within our retrospective sample. However, even if we did have available other measures related to depression that are already validated for use in MS, validation of measures in general would be complex and is the subject of future research. To the best of our knowledge, no prior study has identified any scale or diagnoses related to depression that corrects for overlap with other symptoms for MS patients. The PHQ-9 had previously been validated for use in MS patients (Sjonnesen et al., 2012) . Along this line, any measure previously considered a valid measure for depression screening in MS should be evaluated in the future for DIF before considering it valid in MS patients. After finding such a scale or diagnoses, then we could use it to validate our measures. Alternatively, a new study involving clinical diagnostic interview of MS patients by psychiatric experts familiar with MS symptom presentation would provide another benchmark for diagnostic comparison of the validity of self-report scoring approaches.
The assumptions of transforming the algorithms of ''Factor scores'' and ''Item weights'' and matching with the empirical distribution of PHQ-9 scores is that within this MS population, we have correctly identified the empirical distribution (mean, standard deviation, range and cutoffs) of the PHQ-9, but have misclassified the particular scores of individual patients. This further assumes that depression is different in MS patients with some symptoms worse (such as anhedonia and feel depressed) while some symptoms overlap with other symptoms for MS patients and thus inflate PHQ-9 scores. Previous studies have discussed that the etiology of depression is different in MS patients compared to the general population (Chang et al., 2003) . However, if looking to use these scales without these assumptions, in developing a unique empirical distribution with different cutoffs of the adjusted algorithms from the standard scoring of the PHQ-9 our results suggest that in patients with co-morbid neurologic illness like MS, rigorous psychometric evaluation and interpretation is necessary for validating depression diagnosis cutoffs for clinical use. All the proposed score adjustment algorithms could also be useful in further analyses in studying depression within the sample without any further evaluation of diagnosis cutoffs, accounting for the overlap in depression symptoms with other symptoms for MS patients (i.e. as an outcome in a regression model). A limitation to using the MIMIC model is that they test for uniform, but not nonuniform DIF (Woods, et al., 2009 ). Uniform DIF is constant across depression, while non-uniform DIF varies across depression. We addressed this limitation through multi-group analyses for subgroup measurement differences.
The study has limited external validity outside the Mellen Center population. In future work, our models will require further validation using other populations and perhaps data from alternate measures and scales (for instance, the Hamilton Rating Scale for Depression (Hamilton, 1960) ) and with varied symptom patterns. We did not have in our database the third component of the objective performance functional composite measure (the other two are the timed 25-foot walk and the 9-hole peg test), the Paced Auditory Serial Addition Test, representing cognitive function [19, 20, 21, 22] . Using such a measure could help internally validate cognitive impairment findings. We were, however, able to internally validate our functional impairment findings using the patient-reported counterparts (mobility and hand function domains of the performance scales) for our objective performance measures (timed 25-foot walk, 9-hole peg test).
Other measures of overlap are important to examine in MS patients, such as pain, depending on the depression screening measure or data base, requiring extension of our models for more overlapping symptoms. We tested items of the PHQ-9 that theoretically had an overt possibility of overlap with MS-related disability within our data base. In addition, although we describe symptoms in this paper, the effects of certain treatments for both MS and depression symptoms in MS patients potentially overlap with the PHQ-9 item for appetite.
Analogous SEM-based methods should transfer cleanly to other subgroups and measures. Applying statistical models to the complete KP database could address important clinical questions about multiple neurological conditions, such as spine disease, headaches, sleep disorders, epilepsy and stroke. Analogous SEM approaches to those outlined here can be used to address other neurological conditions and other mental health scales. For example, a similar spine disease adjusted PHQ-9 can be constructed to address overlapping pain.
In future work, we plan to describe and model the causal path for how type of MS and baseline time since diagnosis lead to depression symptoms, accounting for the roles of fatigue and functional and cognitive disability, with an eye toward targeting future interventions. We will also explore the predictive value of the adjusted depression screening scales by linking response to particular anti-depressants, and subgroups of MS patients identified via growth mixture modeling (GMM) (Muthén and Muthén, 2000) . Further, we are preparing a tutorial on SEM, factor analysis and MIMIC modeling for analysis of overlapping symptoms in co-occurring conditions.
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Appendix: More details about adjusted depression screening scale algorithms
Factor scores
Factor scores include adjustment for the effect of both CFA as in Fig. 1 Panel C, since the nine PHQ-9 items load unequally on depression, and the adjustment of overlapping symptoms via covariates and DIF paths from our E = 0 model in Fig. 1 Panel F. Using MPlus, we calculate factor scores within our sample using the maximum a posteriori method (Muthén and Muthén, 2012) , which for continuous outcomes is the widely used regression method: mean = 0, variance = 0.56, median = -0.21, range = (-0.84, 2.47), 1st quartile = -0.62, and 3rd quartile = 0.40. These factor scores can then be linearly transformed to fit any potentially useful range (i.e. 0-27, 0-100, etc.)
In our application, and for immediate clinical use, a probability integral transformation (Casella and Berger, 2002 ) is used to transform these factors scores into the PHQ-9 scores within this population to maintain the interpretation and thresholds of the PHQ-9. This is a oneto-one transformation, so the distribution of PHQ-9 scores in this population will remain the same, just that certain individuals will be matched to different PHQ-9 scores. This transformation is built on continuous cumulative distribution functions and thus there are no special steps required for tied adjusted scores between two or more individuals (unlikely for factor scores). To perform the transformation:
1. Use a kernel density estimator to estimate the density of the PHQ-9 scores in this population. 2. Obtain the cumulative distribution function by numerical integration. 3. Numerically invert the cumulative distribution function for the PHQ-9. 4. Repeat steps (1) and (2) for the factor scores. 5. Transform the factor scores of each individual into a PHQ-9 score for this population by transforming the cumulative distribution function for the factor scores using the inverse of the cumulative distribution function for the PHQ-9.
The resulting factor scores will be distributed the same as the PHQ-9 within this population. For ease of use in a clinical setting, the recommendation is to round these transformed scores off to the nearest whole number.
Note, within EHR-based database, every time a new or series of new PHQ-9 scores is entered, we can compute the factor scores. Then, either all subjects can be updated or we can keep prior records the same, and just use the functions to transform the new scores only. Using this approach, only 44 % of subjects maintain the same transformed adjusted score as the original PHQ-9 score, with 16 % of subjects scoring a transformed adjusted score of two points or more (with three subjects up to 6 points) different than the original PHQ-9 score. Further, 74 subjects had a PHQ-9 score C10 and now have a transformed adjusted score\10, while 65 subjects had a PHQ-9 score \10 and now have a transformed adjusted score C10.
Item weights
Compared to this algorithm in ''Item weights'' based on factor loadings, the factor scores algorithm in ''Factor scores'' results in a more mathematically rigorous individualized score, taking into account item loadings, intercepts, correlation among observed variables, and a predictive equation. However, in the factor scores algorithm, we do not quantify how much each item contributes.
We can directly build a scale using the factor loadings as weights:
Item i Weight ¼ Factor loading i MS-adjusted PHQ-9 score ¼ X 9 i¼1 Item i Weight Â Item i PHQ À 9 score
In this case we use the factor loadings in Table 4 for E = 0 as item weights and using (1), in our sample, the mean = 3.95 and standard deviation = 3.71. Similarly, we can use the probability integral transformation for this algorithm as described for the factor scores algorithm in ''Factor scores''. In this case, there will be ties (same scores on MS-adjusted PHQ-9), but as explained above this will not be an issue with this transformation. The results here are a lot more conservative in change from the standard scoring, in that 64 % of subjects maintain the same score and only 2 % have greater than or equal to a two points or more difference from the original PHQ-9. As a result, this score may not be particularly useful in the transformed version, since it is a naïve approach of algorithm ''Factor scores'', and may be more useful once more rigorous psychometric evaluation of this score is performed.
Downweighting overlapping symptoms
We only downweight the influence of items of the PHQ-9 in which depressive symptoms overlap with other symptoms for MS patients:
where E i is the item i standardized factor loading for E = 0 and CFA i is the item i standardized factor loading for the one factor CFA model (see Table 4 ). We multiply a patient's score on items for sleep problems by 0.79, fatigue by 0.52, poor concentration by 0.70 and psychomotor symptoms by 0.74. PHQ-9 items for appetite change, feelings of failure and self-harm maintain the same score. Items for anhedonia and feel depressed, have an almost negligible residual DIF effect and we multiply a patient's score on these items by 1.01. We observe for our adjusted PHQ-9, a population mean = 5.66, standard deviation = 5.30, and median = 4.07 with a range = (0, 23.32) and 1st quartile = 1.31, and 3rd quartile = 8.53. As noted, an application of ''Downweighting overlapping symptoms'' is to subtract this score from the PHQ-9, as an estimate of the amount that items on the PHQ-9 overlap with other symptoms for MS patients.
Using the PHQ-2
The PHQ-2 comprises the first two items of the PHQ-9 and has been used as a depression screening tool or as a prescreener for the PHQ-9 (Kroenke et al., 2003) . Thus, using this shortened scale will bypass evaluating items for sleep problems, fatigue, poor concentration and psychomotor symptoms. A PHQ-2 score of three has been used as a threshold for depression for screening purposes (Kroenke et al., 2003) . The PHQ-2 is highly correlated with the PHQ-9 in this MS study population (pearson q & 0.87). Further, a receiver operating characteristic (ROC) analysis of PHQ-9 C 10 versus PHQ-2 C 3 in this study population, showed high specificity = 95.7 and a large positive predictive value (PPV) = 91.2, and area under the curve (AUC) = 0.852, though at the expense of the test sensitivity = 63.8. In general, the PHQ-2 has shown wide variability in sensitivity in previous validation studies and more research is needed to see if its diagnostic properties approach those of the PHQ-9 (Gilbody et al., 2007) .
